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Abstract 

Purpose — This paper aims to contribute to the emerging body of research on firestorms, specifically on the inflammatory user-generated content 
(UGC) created in response to brand transgressions. By analyzing and segmenting UGC created and shared in the wake of three different events, the 
authors identify which type of inflammatory message is most likely to be widely shared; thus, contributing to a possible online firestorm. 
Design/methodology/approach — Tweets were collected involving brand transgressions in the retail, fast food and technology space from varying 
timeframe and diverse media coverage. Then, the tweets were coded for message intention and analyzed with linguistics software to determine the 
message characteristics and framing. A two-step cluster analysis identified three types of UGC. 

Findings — The authors found that message dimensions and the framing of tweets in the context of brand transgressions differed in characteristics, 
sentiment, call to action and the extent to which the messages were shared. The findings contradict traditional negative word-of-mouth studies 
involving idiosyncratic service and product failure. During online brand firestorms, rational activism messages with a call to action, generated in 
response to a firm's transgression or “sparks,” have a higher likelihood of being shared (virality). 

Originality/value — This research provides novel insights into UGC created after brand transgressions. Different types of messages created after 
these events vary in the extent that they “fan the flames” of the transgression. A message typology and flowchart are provided to assist managers 
in identifying and responding to three message types: ash, sparks and embers. 


Keywords Firestorms, User-generated content (UGC), Brand transgressions, Digital consumer activism, Social media, Virality, Typology, Twitter, 
Word-of-mouth, Moral outrage 
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Introduction company-owned, brick and mortar location to conduct racial- 
i f bias education, thereby losing $12m in revenue (Rostan and 
Consumers use social media platforms to hold brands Cherney, 2017). A Chase Bank “Motivation Monday” tweet in 
accountable for their actions (Bobb, 2020). The dynamics of 2019, encouraging consumers to practice fiscal responsibility, 
the social media environment enable consumers to express quickly backfired, going viral when Twitter users began chiding 
their dissatisfaction and anger toward brands that engage in the firm for shaming the poor (Cappetta, 2019). While the 
transgression, setting the stage for online inflammatory user- fiscal outcomes were not clear, the public conversation 
generated content (UGC), often called firestorms — the following the tweet forced the company to act, removing the 
“sudden discharge of large quantities of messages containing tweet. Even the fashion industry has not been spared. Efforts in 
negative word-of-mouth (WOM) and complaint behavior 2020 centered around forcing brands to pay garment industry 
against a person, company or group in social media networks” workers for canceled orders; they were organized using the 
(Pfeffer et al., 2014, p. 118). These firestorms can have a hashtag “PayUp” (Bobb, 2020). 
destructive impact on brands and their performance, leading to Despite the impact that firestorms can have on a brand and 
unwanted attention from policymakers (Hansen et al., 2018; that consumers recollect firestorms triggered by a brand’s 
Stabler and Fischer, 2020). “social failure” rather than a product or service-related issue 
In 2018, after consumers expressed their outrage on social (Hansen et al., 2018), little is known about the types of 


networks about the arrest of two African American men at a 
company store in Philadelphia, Starbucks shut down every 
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messages that consumers share in the wake of brand 
transgressions, especially in contexts where they seek to hold 
companies accountable and demand a change in action. 
Understanding this context is important to researchers and 
managers alike since not all brand transgressions result in 
firestorms. We posit that consumers generate several types of 
messages during a transgression that vary in the extent to which 
they “fan the flames” of the news of the transgression. 
Therefore, the objective of this research is twofold: first, we 
address the types of messages created by consumers in the wake 
of brand transgressions. Second, we investigate which of these 
messages is the most likely to be shared and has the potential to 
go viral, thus contributing to a potential online firestorm. 

Prior research about online firestorms has sought to 
conceptualize these types of events (Pfeffer et al., 2014), 
focusing on outcomes, such as impact on media coverage 
(Stabler and Fischer, 2020), brand perceptions and 
performance (Hansen et al., 2018). While some research has 
examined the antecedents of firestorms, extant research focuses 
primarily on event characteristics (Hansen et al., 2018) and the 
consumer’s relationship with the brand community 
(Herhausen et al., 2019). Herhausen et al. (2019) further 
investigated the arousal emotions contained in the messages as 
important drivers of message virality in the context of brand 
transgressions. Their findings are in line with other research on 
virality (Berger and Milkman, 2012), demonstrating that high 
arousal emotions increase the likelihood of a firestorm 
emerging. 

A key contribution of this research is examining the 
multidimensional nature of UGC specifically created in the 
wake of a brand transgression that better reflects these different 
types of messages. Classifying messages based upon virality and 
providing a typology also contributes to the existing research on 
firestorms, online inflammatory UGC and social media. Given 
that brand transgressions can motivate a certain type of 
consumer to engage with the brand more intensely than 
everyday interactions as a digital consumer activist, there may 
be important differences in the brand transgression context that 
explain what type of content is more likely to be shared. 
Current research finds that expressive or assertive messages 
elicit more consumer sharing than messages with a direct call to 
action (Villarroel Ordenes et al., 2019). Furthermore, research 
demonstrates that arousing emotions results in messages being 
more widely shared (Berger and Milkman, 2012; Herhausen 
et al., 2019). These findings might be limited in the context of 
brand transgressions and online firestorms, especially when 
consumers are motivated to seek a change in brand behavior. 

From a managerial perspective, our study makes several 
contributions. Companies experience costly outcomes due to 
consumers increasingly expressing their outrage online, yet 
there is minimal understanding of how to frame or classify these 
messages so that companies can respond effectively. Managers 
view the process of managing online consumer conversations as 
difficult and complex (Kucuk, 2018). Given that marketing 
and consumer experience managers have a challenging time 
finding valuable insights in messy, unstructured social 
conversations (Lee, 2018), we seek to shed light on the brand- 
related messages consumers create after a perceived 
wrongdoing by a company. 
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Brand transgressions often spark online firestorms 

Online firestorms often occur when brands transgress an 

ethical boundary or engage in socially-irresponsible behavior 

(Stabler and Fischer, 2020). This type of brand behavior 

elicits strong emotions for consumers and a need for coping. 

Hansen et al. (2018) conceptualize social media firestorms 

with three characteristics: 

1 strength or a larger quantity of messages; 

2 length or the amount of time the social media content is 
exchanged; and 

3 breadth or the amount of attention from media other than 
social media the content receives. 


The concept of duration remains nascent such that extant 
research continues to examine short and long-lasting events as 
part of the same study (Hansen et al., 2018). Rauschnabel et al. 
(2016) state that firestorms include a “large number of 
participants” yet also describe “larger” as several hundred 
participants or more (p. 382). Industry agencies caution that 
“virality is not a KPI [...] [and] [...] does not have a clear 
definition” (Riley, 2019, para 2). At best, virality should be 
based on an increase in average sharing rates that will vary from 
brand to brand. A similar definition of virality is being adopted 
by social media influencers. YouTube star, Casey Neistat, said 
in a 2020 interview, “Something goes viral when it goes beyond 
what its original audience was intended to be” (Mavericks, 
2020, para 5). Therefore, we surmise that, like virality, a 
“firestorm” will vary from brand to brand and organization to 
organization. 

Overall, firestorm research is ambivalent as to how many 
messages create one, how long the content is exchanged before 
it is no longer considered a firestorm and how much additional 
media attention these firestorms receive. What is clear is that 
firestorms can be very damaging to the brand. What is unclear 
is how an online reaction to a brand transgression by a 
consumer becomes a firestorm. Therefore, our research focuses 
on consumer reactions after a brand transgression and the viral 
nature of those messages to understand better their potential to 
lead to the devastating consequences a firestorm can create. 

We question the nature of firestorms and whether messages 
after transgressions are more like intense and destructive sparks 
or similar to smoldering embers or ash, where the heat has 
dissipated (National Fire Protection Association, 2022). In 
general, negative information about a company tends to be 
damaging because negative content often includes more details 
and data that could persuade consumers than does positively 
charged content (Chevalier and Mayzlin, 2006; Tirunillai and 
Tellis, 2012). Negative messages are also more widely shared 
across different social platforms than positive ones (Hewett 
et al., 2016). Creating and circulating messages on social 
platforms amplifies the consequences of a transgression (Hsu 
and Lawrence, 2016) and can even spill over to competing 
companies (Borah and Tellis, 2016). The virality of messages 
fuels the quick onset of firestorms like the megaphone effect 
(McQuarrie et al., 2013), where one consumer amplifies news 
of the transgression to the masses using social media platforms. 
Our focus is to understand the dimensions used in framing 
firestorm messages on Twitter and the rhetoric in the content 
that amplifies consumer engagement. 
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Understanding online inflammatory user-generated 
content after brand transgressions 

Research increasingly shows the importance of social media 
when brands experience transgressions. The online 
environment creates favorable conditions for messages 
surrounding a brand transgression to spread or go viral, 
resulting in a damaging online firestorm (Hansen et al., 2018). 
Communication on social media often includes rhetorical 
appeals (logos, pathos or ethos) [1] to persuade or engage other 
users with the message as framed. Adapting from Aristotle, we 
suggest that rhetoric is useful when analyzing social media 
messages involved in transgressions because it is “for the 
(public) practice of defending oneself or accusing an opponent” 
(Rapp, 2010, p. 6). In his analysis of contagion marketing as 
rhetoric, Miles (2014) describes viral marketing techniques as a 
“rhetorically elaborated presentation of [word of mouth] 
WOM techniques” (p. 5). 

This environment further allows consumers to construct and 
refine the content they are sharing (Berger and Iyengar, 2013), 
affording the ability to insert opinions and perspectives as part 
of a larger conversation — public or not — created because of the 
wrongdoing (Bennett and Segerberg, 2012). As a result, the 
individual content combines with the existing conversation, 
contributing to and sustaining it. Besides creating new original 
content, consumers are also able to share previously created 
content. 

While studies suggest that consumers create and disseminate 
messages to seek attention or share interesting content, brand 
transgressions extend these motivations because of the ethical 
norms violated by the brand’s behavior. Such violations can 
trigger strong, negative emotions (Jain and Sharma, 2019). 
Indeed, Chen and Gao (2019) find that highly emotional and 
negative events result in exaggerated WOM behavior. This 
fanning-the-flames behavior increases the likelihood that 
negative brand messages will spread to other consumers and 
media, increasing its potential to damage the brand. Other 
consumers piqued by the negative rhetoric may, in response, 
create content designed to change the brand’s behavior, 
thereby engaging in activism. 

“If many, many people are saying the same things at the same 
time, the message is very, very loud and very clear, much louder 
than it would ordinarily be” (Gutiérrez, 2018, p. 124). Using 
the masses is one strategy associated with activism that puts 
pressure on the company through increasing financial and 
reputational costs (i.e. damage to brand equity) (den Hond and 
de Bakker, 2007). Consumers may create messages that seek a 
clear course of action for the company, such as demanding 
repair, changing behavior, providing restitution or even 
apologizing (Grappi et al., 2013). 


Figure 1 Understanding viral content after a brand transgression 
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In the following sections, we use the framework in Figure 1 to 
guide our examination of how consumers construct messages 
on social media following a brand transgression. We then 
investigate which of these message types are more likely to be 
shared by other consumers on Twitter (Figure 1). This will help 
provide inside into what type of content has the potential to go 
viral. 


Methodology 


We selected three brand transgressions, exhibiting firestorm 
characteristics of varying strength, length and breadth 
(Hansen et al., 2018). Google alerts were set up for news 
stories, including the keywords “Twitter” and “outrage.” 
One of the coauthors quickly scanned the story to determine 
if the event fits within the focus of this study (validating 
length). Next, we confirmed that the event was newly erupting 
on the Twitter platform to capture as much early content a 
possible (validating strength). Finally, a more detailed news 
analysis was conducted to understand how many journalists 
and news outlets are tweeting or sharing story-related content 
(validating breadth). The events involved brands operating in 
the retail, fast food and technology space: Walmart, 
McDonald’s and GoDaddy (Table 1). A bottom-up approach 
allows for the examination of individual consumer responses 
from three brand events. Findings are used to provide 
managerial guidelines on how to respond. 


Data set 

The sample in this study comprises consumer tweets in 
response to one of three brand transgressions — instances in 
which the company engaged in ethical wrongdoing from the 
perspective of the consumer. While tweets were collected 
before Twitter’s 2018 initiative to reduce spambots and fake 
accounts (Timberg and Dwoskin, 2018), we do not believe this 
impacts our findings. In general, individual corporate brands, 
such as those included in this study, are not typically targets of 
nefarious spambots and fake news campaigns (Wojcik er al., 
2018). However, we acknowledge that bots are cheap ways to 
falsely inflate social media engagement; thus, we took great care 
to remove as much distortion from our data set. The final data 
set for all three transgressions included 9,569 tweets, which 
were then coded for tweet and message characteristics. 


Cluster analysis 

Due to the plethora of simple, affordable social media 
monitoring tools, managers can easily track hundreds of 
different consumer characteristics and behaviors. While this 
approach may yield a trove of consumer data, not all 
characteristics may be relevant for managing consumer 
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No. of 
Brand and tweets Hashtag(s) or phrase 
Event industry Dates collected analyzed used Summary with brand response 
1 Walmart October 27, 2015 6,571 No specific event Consumers were angry when Walmart began selling an Israeli 
(Retailer) through November 6, hashtag used; tweets soldier costume for children via their website. Public sentiment 
2015 (Event + 9 days) contain phrase, “Israeli was strongly negative as Israel forces are considered by some to be 
soldier costume” “a symbol of violence and fear for Palestinians” (American-Arab 
Anti-Discrimination Committee, 2015). Brand removed costume 
within 24h of outrage but never publicly commented on the issue 
2 McDonald's October 12, 2015 1,646 Tweets centralized Consumers were angry after the brand created a school nutrition 
(Fast Food) through May 28, 2016 around #540Meals program around a teacher who lost weight over three months by 
(Event + 229 days) hashtag eating three meals per day or 540 Meals at McDonald's. After 
214 days of outrage, company confirmed to Washington Post 
inquiry it had ceased its 540 Meals campaign the previous fall 
(Ferdman, 2016) 
3 GoDaddy January 27, 2015 1,352 Tweets centralized Consumers angrily reacted to GoDaddy’s proposed 2015 Super 
(Technology) through January 29, around #GoDaddyPuppy Bowl commercial, featuring a lost puppy who had overcome 
2015 (Event + 2 days) hashtag several challenges to find his way back home, only to be put in a 


activism in response to a brand’s transgression. Clustering 
reveals natural grouping in the data and, consequently, yields 
deeper insights (Palmatier et al., 2018) that may not be 
immediately apparent in online conversations, such as 
emotions, actions, intentions or content structure. 


Procedure 

Tweets were collected using the Twitter Archiving Google Sheets 
v6.0 (TAGS) system (Hawksey, 2015) and entered into our 
database by their Tweet ID, a unique number generated for each 
tweet by Twitter platform. To safeguard user privacy, 
usernames and any geolocation information were removed. 
Then, the tweets were coded both manually and with linguistics 
software. 

First, sentiment analysis software was used to calculate the 
emotional intensity and text configuration of each tweet. The 
sentiment analysis for this study was completed using 
Linguistic Inquiry and Word Count (LIWC2015), a program 
that compares Twitter content against a dictionary of emotional, 
cognitive and grammatical dimensions and returns a numerical 
score, reflecting the percentage of words found in the 
dictionaries. The 2015 LIWC dictionary includes words and 
abbreviations based on more than 23 million words from more 
than 100,000 tweets Pennebaker et al. (2015). This approach 
has been validated by researchers for studying consumer WOM 
(Zhang, 2019). 

Next, two manual coders reviewed the tweets to determine 
the desired intentions of the original poster. Manually coding 
social media content is an acceptable approach when an 
existing coding schema does not exist for study variables (Van 
Atteveldt et al., 2014); it is even the required first step in the 
supervised machine learning process for WOM content 
(Vermeer et al., 2019). A coding schema was created and 
confirmed by two coders, who individually pretested 100 
tweets to confirm the schema before coding the remaining data 
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container and resold to a new owner who had purchased him 
using a website powered by GoDaddy (Monllos, 2015). Within 
24h, the brand tweeted that the commercial missed the mark and 
would no longer air 


set. The coders read each of the tweets and then classified the 
intentions/actions as venting, solution-seeking or harm, as 
shown in the coding schema (Table 2). Initial disagreements 
related to coding for “harm” and were resolved via face-to-face 
discussions between the two coders. It was agreed that any 
message indicating violent, vengeful or malicious intention 
would be coded as harm. Final intercoder reliability revealed 
96% agreement (Weber, 1990). Content originality, retweeting 
and follower rates for each Tweet ID in the sample were 
calculated via the Twitter data. 


Clustering variables 

Consumers use words to express their thoughts and emotions, 
with each word providing clues as to the individual’s social and 
psychological state (Tausczik and Pennebaker, 2010). Because 
individuals are not consciously aware of each word’s meaning, 
written language, including tweets, may more accurately 
identify a person’s social, emotional and psychological world 
than surveys or other self-reporting instruments (Scholand 
et al., 2010) and provides insight for rhetorical analysis. The 
LIWC program evaluates the text and categorizes its words and 
word frequency into more than 90 different content and style 
dimensions. A summary of variables used in this study are 
summarized in Table 2. 

Positive and negative emotions. Each tweet provides clues as 
to whether the consumer has a positive, negative or mixed 
emotional response to one of the three brand incidents 
addressed in this study. The LIWC program provides separate 
scores for positive and negative emotions expressed in a tweet. 
Psychology research indicates that consumers often feel mixed 
emotions at the same point in time and, therefore, can 
simultaneously express emotional polarity (Norman ez al., 
2011). Words indicating a positive emotion include “love, nice, 
sweet” (Pennebaker et al., 2015, p. 3), while words such as 
“hate, kill, annoyed” indicate the negative emotion of anger. A 
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Table 2 Twitter coding schema 


Message element Coding 


Positive emotions“ 

Negative emotions“ 
and anger (Pennebaker et al., 2015) 

Informal language" 


Words indicating a positive emotion (Pennebaker et a/., 2015) 
Words indicating a negative emotion, including sadness, anxiety 


Words reflecting informality: profanity, netspeak, assents, 


nonfluencies and filler words (Pennebaker et al., 2015) 


Words per sentence” 
Intentions/actions* 


its policy, boycott or buycott or brand apology 


Venting: Intent to deal with emotions by expressing outrage 
(including sharing of high arousal news headlines), blowing off 


steam, engaging in negative word-of-mouth 
(Frijda et al., 1989; Wranik and Scherer, 2010) 
Consumption: Retweeted content 
Contribution: Quoted retweet (RT) 

Creation: Original content 

(Schivinski et al., 2016) 


Content originality” 


Virality*,* 


Time lapse*,* Time elapsed between tweet and incident 


Notes: *Included in cluster analysis. *Included in regression analysis 


consumer social media post containing more negative than 
positive sentiment could contribute toward a potential online 
firestorm (Herhausen et al., 2019). 

Informal language. The use of informal language by group 
members reflects the dynamics of an online community. Long- 
time members who write and post content using an informal 
style tend to have a high familiarity with other group members 
and be emotionally involved with online discussions 
(Nguyen and Rose, 2011). We posit that this informality may 
extend to ad hoc activist communities formed during online 
firestorms. Swearing or profanity is also an indicator of informal 
language and is used to express negative emotions, such as 
disgust and hostility (Jay and Janschewitz, 2008). LIWC 
quantifies the formality of language using five linguistic 
dimensions: profanity, netspeak, assents, nonfluencies and 
filler words. 

Words per sentence. We further included information about 
the length of the tweet, as indicated by the number of words 
used. At the time of data collection, tweets were limited by the 
Twitter platform to 140 characters. While users are now 
permitted to share content up to 280 characters, we do not 
believe there is an impact on results as the average length of a 
tweet has not changed since the expansion and continues to be 
less than 50 characters (Kastrenakes, 2018). Post length may 
play a role in firestorm message virality. Berger and Milkman 
(2012) found that longer online messages, in general, often 
contain more data and are more likely to be shared (go viral). In 
their study of brand firestorms, Herhausen et al. (2019) found a 
positive correlation between post length and virality. 

Content originality. Using Schivinski et al. (2016), we coded 
Twitter content as retweets (RT) (consumption), quoted 
retweets (contribution) or original content (creation) to reflect 


Number of words used in a tweet (Pennebaker et a/., 2015) 
Harm: Intent to cause harm or damage, retaliation and revenge 
put a company out of business, violence against the owner 
Solution seeking: Seek a remedy or solution, sharing petitions 
on Change.org, protests, rallies, calls for a company to change 


Number of times each tweet was retweeted or shared 
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Example 


Love, nice, sweet 
Hate, angry, kill 


Profanity (Shit), netspeak (LOL), assents (OK), nonfluencies, 
(Ummm) and filler (You know) 

Number of words used in a tweet = 7 words 

Harm: e.g. “If | see any kids wearing this [Walmart costume] 
they’ re getting rocks thrown at them,” and “| see an opportunity 
to smack #GoDaddy upside the head.” 

Solution seeking: e.g. “Sign the petition to keep McDonald's 
‘infomercial’ out of schools [URL]” 

Venting: e.g., "Walmart stopped selling confederate flag. But 
why is it selling Israeli army costume for kids?” 


Consumption: RT @TheLunchTray Sign and Share new petition 
Contribution: Please sign! RT @TheLunchTray Sign & Share new 
petition 

Creation: Will you help me keep McDonald's out of school by 
signing my new petition? [URL] 


the level of involvement. Original content is entirely created by 
the Twitter user and can include vivid components such as 
videos or pictures. Given that this content is novel compared to 
retweets of already existing tweets, we expect that other users 
are more likely to disseminate this type of firestorm content. 

Intentions/actions. Research has shown that individuals will 
most often express anger via one of three general behaviors: 
harm, solution-seeking or venting Frijda et al. (1989). Adapting 
action tendencies from Wranik and Scherer (2010) for 
firestorm messages, each tweet was read and classified for one 
of these three behavioral intentions as follows. 

Tweets were coded as “harm” when a tweet indicated a 
consumer’s motivation to maliciously react to a company’s 
wrongdoing by consumer brand sabotage (Kähr et al., 2016), 
collaborative brand attacks (Rauschnabel et al., 2016), 
retaliation (Grégoire and Fisher, 2008) or engaging in revenge 
(Grégoire et al., 2009). Overall, we found few examples of harm 
in our data set, e.g. If I see any kids wearing this [Walmart 
costume] they’re getting rocks thrown at them, and I see an 
opportunity to smack #GoDaddy upside the head. 

A tweet was coded as a “solution-seeking” call to action if the 
message of the tweet indicated the desire to seek amends from 
the brand for its transgression. These consumers channel their 
anger into seeking a solution or remedy by issuing a call to 
action that demands the company apologize and/or modify its 
policy by motivating other users to support boycotts (of a 
brand), sign petitions or attend protests (Wranik and Scherer, 
2010). For example, Sign the petition to keep McDonala’s 
“infomercial” out of schools. 

Finally, a tweet was coded as venting if the intent of the 
message indicated ranting or venting without seeking actual 
harm to the company or insisting on a solution after the 
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perceived wrongdoing. “Voicesumers” (Kucuk, 2020, p. 48) 
use digital platforms to constantly make noise and voice an 
opinion, but not necessarily extract amends from the brand for a 
perceived wrongdoing. Venting is a way of socially sharing one’s 
emotional state online with others (Wranik and Scherer, 2010). 
On social media, this intention can be displayed as directly 
sharing an article via the media outlet’s website to Twitter or 
retweeting another user’s content. Retweets are “[...] a way of 
signaling to others that this piece of information matters” 
(Hermida, 2016, p. 37). For example, Walmart stopped selling the 
Confederate flag. But why is it selling Israeli army costume for kids? 


Cluster analysts and results 

We used a two-step cluster analysis, a method selected by 
marketing researchers seeking typologies of categorical and 
continuous variables (Punj and Stewart, 1983). The Twitter 
content of all three events was collated into one sample to make 
sense of digital consumer activism. Two-step cluster analysis 
standardizes all variables and treats individual variables with 
equal importance (Punj and Stewart, 1983). 

The Bayesian Information Criterion (BIC) automatically 
identified three distinct segments based upon the six clustering 
variables. Because the BIC was used, a silhouette measure of 
cohesion and separation was conducted and found to have a 
value of more than 0.50, signifying a good solution quality. A 
two-step cluster analysis identified three message clusters, as 
shown in Table 3. Not surprisingly, around 70% of content 
created and shared in the three events focused exclusively on 
venting rather than using more disruptive tactics such as calling 
for action against the wrongdoing company. This finding 
supports similar studies that have examined message intention 
during perceived public service failures (Legocki et al., 2020). 


Cluster descriptions 
The messages in the largest cluster (Cluster 1, n = 6,636) stand 
out from the other two by the informal language contained 


Table 3 Cluster summary of message type following a brand transgression 


Volume 39 - Number 5 - 2022 - 460-474 


within the tweets. They do not have specific calls for action; 
instead, these tweets rely on the source and primarily venting. 
Messages in Cluster 2 (n = 1,832) received the most retweets 
and are defined by their call for a specific action, which may 
include promoting petitions on Change.org or calling for a 
brand apology. The differentiating characteristics of this cluster 
are the use of unemotional language, short sentences and call to 
actions; therefore, they appear to be more motivated by rational 
behavior than the other two clusters. The third cluster (n = 
1,100) is characterized by messages with strong emotional 
content as tweets in this cluster score the highest on both 
positive (M = 3.99) and negative emotions (M = 3.65) usage. 
This cluster stands out in the originality of the content. 

To better understand how each of these types of messages 
contributes to firestorms and to assess how the rhetoric is 
amplified, we next examine how the content is shared, i.e. the 
virality of each message cluster. 


Regression analysis 

We investigate which tweets from each cluster are more likely to 
gain traction and the conditions under which that is the case. 
Using the same coding process as outlined for the cluster 
analysis, we gathered information, also shown in Table 2, about 
the virality of each tweet and the characteristics of consumer 
tweeting during the transgression. 


Dependent variable 

The focal dependent variable in this analysis is tweet virality, 
defined as the number of times a tweet was retweeted. Virality 
reflects the extent to which the particular message is part of the 
public conversation formed on social media surrounding the 
transgressing event, receives attention and involves other 
consumers in the conversation. 


Descriptive statistics Cluster 1 Cluster 2 Cluster 3 

Size 6,636 1,832 1,100 

Emotional words (Pos/ Med (1.08/2.42) Low (0.81/0.48) High (3.99/3.65) 

Neg)” 

Informal language i 10.13 7.41 5.72 

Profanity ` Med (0.09) Low (0.04) High (0.65) 

Words per sentence 16.51 9.52 12.26 

Content originality Retweets (consumption) Retweets (consumption) and quoted Original (creation) 
retweets (contribution) 

Intentions/actions Venting Solution-seeking Venting and solution-seeking 

Virality threat Low High Moderate 

Cluster descriptions " ASH” “SPARKS” “EMBERS” 


Venting: Retweets high in morally loaded Rational: RTs or quoted RTs with call to 
action; high likelihood of virality 

Related to morals: outrage, sparks, outcry, Action oriented activism: petition, change, Emotion focused and profanity: puppy, 
disgust, uproar, kills, racism, racist, sexist, sign/signers, education, concern, share, 
thanks, signature, demand, boycott, poll, women, humor, love, America, fuck, 
Satan listen 


language 
Keywords to monitor * 


shame, greed, ban, immoral, offensive, 


Emotional: Original content; human- 
interest focus; strong profanity 


kids, children, people, dogs, child, 


"WTF" 


Notes: *Percentage of words related to positive and negative emotions (LIWC2015). **Percentage of words related to informal language — profanity, 
netspeak, assents, nonfluencies and filler (LIWC2015). ***Percentage of words related to profanity (LIWC2015). ‘Based upon word frequency analysis of 


tweets in data set (NVivo) 
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Independent variables 

Cluster dummies. Based on the cluster analysis, we entered a 
dummy variable, reflecting whether the tweet belonged to 
either Cluster 2 or Cluster 3. Cluster 1 represents the baseline 
condition; the beta coefficients for the two cluster dummies can 
therefore be interpreted as deviations from the baseline 
condition. 

Tweeting activity. We determined how many times users in 
our data set posted content related to a brand’s transgression 
by doing a count in Excel of unique Twitter ID. The TAGS 
program automatically extracts both the user’s handle and ID 
number for every tweet. The first tweet posted about the 
brand’s transgression was used as the starting point, and 
tweets were scraped hourly via TAGS until no further activity 
was detected. We determined that an event had concluded 
when the brand acted and no new tweets were posted to 
Twitter for 24h. The GoDaddy event quickly concluded in 
two days after the company issued an apology via Twitter and 
agreed not to run the offending Super Bowl commercial. The 
Walmart event lasted nine days and ended when the company 
removed the controversial costume for sale from its website 
without providing any explanation or acknowledgment of the 
event, while the backlash against McDonald’s endured for 
214 days and finally ended only when the company confirmed 
to The Washington Post that it had ended the program months 
earlier. 

Number of followers. We retrieved the number of followers 
for each Twitter user in our data set to control for the impact ofa 
single tweet from this user. Some Twitter users are considered 
network influencers able to leverage their social media accounts 
to “convinc[e] an individual to change his or her opinion, 
attitude, and/or behavior” (Dubois and Gaffney, 2014, 
p. 1261). Like quantifying “virality,” we posit that the number 
of followers needed to be considered an influencer will depend 
upon the firestorm event and vary from brand to brand. Wang 
and Zhou (2021) found that activism influencers in 
Hong Kong averaged 976—3,901 followers on Twitter, far below 
the follower rates of celebrities. Because this variable is not 
normally distributed, we follow the recommendation of 
Humphreys and Wang (2018) and use a log transformation to 
address skewness. 

Time past event. Further, we control for the number of days 
that have passed since the event. The rationale is that earlier 
content is more novel and, thus, likely to be interesting enough 
to share. Content posted later in a conversation may be 
considered less interesting as similar opinions have already 
been voiced and shared on social media. Therefore, we expect 
that older tweets are less likely to get retweets than those 
occurring closer to the actual event of wrongdoing. 


Table 4 Correlation matrix and summary statistics 


Variable Mean SD 

1 Virality 0.72 10.04 
2 Cluster 2 (rational) 0.19 0.39 
3 Cluster 3 (emotional) 0.11 0.32 
4 Tweeting Activity (standardized) 0.00 1.00 
5 Time Lapse 5.57 22.91 
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Regression analysis and results 

We model our data using a zero-inflated negative binomial 
regression model with cluster-robust standard errors. Given the 
considerable number of tweets not retweeted (96.5%) and that 
the dependent variable in this model is a count, assumptions of 
a traditional regression model are violated. To account for 
some tweets originating from the same Twitter user, we estimate 
this model with cluster robust standard errors. 

The correlation matrix and summary statistics are presented 
in Table 4. The results of the model show that, in general, 
tweets that can be classified as being part of Cluster 2 (rational 
messages) and Cluster 3 (emotional messages) are more likely 
to receive retweets (both p < 0.01) relative to the baseline 
cluster, which included messages that reflected primarily 
venting behavior. Additional analysis using Cluster 2 as a 
baseline (not reported but available on request) further shows 
that tweets classified as belonging to this cluster receive more 
retweets than those belonging to the cluster, including 
emotional messages (p < 0.01). Taken together, we find that 
rational messages receive the most retweets and have the 
tendency to go viral, followed by emotional and, finally, venting 
messages (Table 5). 

Of note, we find evidence that a tweet is more likely to be 
retweeted if the individual is more active during the event 
(p < 0.05), but it is less likely to be retweeted as more time 
lapses from the start of the event (p < 0.10). Moreover, a 
tweet is more likely to be shared when it includes original 
content (p < 0.01). The variable explaining the excess zero 
process — the number of followers the Twitter user has — is 
statistically significant (p < 0.01). As expected, the results 
show that the more followers a user has, the less likely they are 
to represent an excess zero in this model (Beta = —0.99, 
standard error (S.E.) = 0.08, p < 0.01). 

Taken together, we find that three different message types 
are created in the wake of brand transgressions, and these 
message types differ to the extent they are shared. Building on 
extant firestorm research and acknowledging the amplification 
and rhetoric we believe are related to virality, we label the 
clusters according to how they contribute to firestorms, as 
shown in Figure 2. The findings from this framework have 
implications for researchers and managers, which we will 
discuss next. 


Developing message typology 

This research aims to increase our understanding of the types of 
messages created by consumers when brands transgress and to 
be informed which of these messages has the greatest potential 
to go viral, sparking an online firestorm. Given the short but 
damaging nature of online brand firestorms, messages that “fan 
the flames” have the potential to exert pressure on the company 


1 2 3 4 5 
1.00 
—0.01 1.00 
0.06 —0.18 1.00 
0.65 0.26 0.05 1.00 
—0.01 0.44 —0.08 0.11 1.00 
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Table 5 Results from zero-inflated negative binomial regression model: 
association between message clusters and tweet virality" 


Dependent variable: virality 


Variable Coefficient Robust standard error p-value 
Cluster 2 (rational) 1.54 0.18 ics 
Cluster 3 (emotional) 1.00 0.15 FER 
Tweeting Activity 1.22 0.52 = 
Time Lapse —0.03 0.02 ji 
GoDaddy Dummy —1.48 0.16 ae 
McDonald's Dummy —2.23 0.29 B 
Total Observations 9,570 

Nonzero Observations 332 

Wald Chi2(6) 235.37 + 


Notes: *p < 0.10, **p < 0.05, ***p < 0.01, standard errors clustered on 
Twitter user. ‘Based on the cluster analysis, we entered a dummy variable 
reflecting whether the tweet belonged to Cluster 2 or Cluster 3. Cluster 1 
represents the baseline condition, and the beta coefficients for the two cluster 
dummies can therefore be interpreted as deviations from the baseline condition 


Figure 2 Messages contributing to firestorms 


Dimensions & Message Framing __------~~ 
Positive/Negative Emotions 
Informal Language 
Words Per Sentence 
Intended Action 
Content Originality 
Virality 
Time Lapse 


SPARKS: clear, logical 
EMBERS: highly emotional, original, opinionated 


ASH: headlines, unoriginal, verbose 


<Aa-r>a— 


Firestorm Threat 4 


Figure 3 Breadth of firestorm (media coverage) 
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to change its behavior. Therefore, these messages can be 
construed as an activism strategy. 

Integrating our findings on the content of these messages and 
their likelihood to be shared, we classify their role in online 
firestorms as either: ash, sparks or embers (Figure 2). Venting 
messages characteristic of cluster one quickly appears as a 
chaotic stream of retweeted news headlines, but then just as 
quickly the internet mob moves on, venting stops and these 
moderately emotional messages turn into harmless ash, unlikely 
to go viral. The second cluster creates the most concern 
because these rational messages with calls to action behave like 
sparks, quickly alighting into a full-blown firestorm. Cluster 
three resembles glowing embers that have a moderate possibility 
of reigniting and going viral like spot fires due to the highly 
emotional, profanity-laden messaging. 

We also examined our clusters against the firestorm 
framework conceptualized by Hansen er al. (2018). The 
authors suggest that social media content shared during 
firestorms differs from other UGC content due to the 
amount of attention from media the content receives 
(breadth), a larger quantity of messages (strength) and/or 
the amount of time the social media content is exchanged 
(length). To explore the role media plays in firestorms 
(breadth), we conducted a Nexis Uni and Google News search 
for headlines for each brand transgression during the same 
timeframe we collected tweets, as shown in Figure 3. 
Breadth or the amount of attention the content receives 
from media other than social media is a hallmark of 
firestorms (Hansen et al., 2018). 

Media coverage of the GoDaddy event peaked sharply at the 
beginning, following the brand’s Super Bowl commercial sneak 
preview during a morning news program. Coverage gradually 
began to decline one day later, following GoDaddy’s tweet that 


am Walmart mmm GoDaddy ep cDonald's 


4 5 


McDonald's 
confirms to WaPo 
end of 540 Meals 

(no public 
statement). 


85 215 


Event Day 
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the commercial would not air on game day. The decline could 
have been faster if Super Bowl commercials were not equally as 
anticipated as the game itself. Sports reporters and mainstream 
journalists alike were quick to include backlash and outrage 
against the GoDaddy commercial as part of the scheduled 
media coverage leading up to the Super Bowl event. Increased 
breadth (media coverage) was quickly picked up and shared 
online (strength), resulting in the brand firestorm lasting longer 
(length). We found the Walmart event similar to GoDaddy’s 
with a quick peak in media coverage; the company reacted by 
removing the controversial Halloween costume within 24h. 
But unlike GoDaddy, the retailer never issued a public 
statement nor supplied a comment to the media. Walmart 
simply made the product “no longer available” on their 
website. Media coverage quickly fell soon after. While the 
McDonala’s event is like the GoDaddy and Walmart events 
because it also quickly dissipated once the company acted, it 
took the company more than seven months to respond. 
Investigating the presence of our three message clusters 
across these three events, we see an interesting pattern related 
to the strength (number of tweets) and length (duration) of 
firestorms (see Figure 4). For the social media activity around 
the two transgressions that elicited a quick response and spike 
in media activity - GoDaddy and Walmart — our analysis shows 
a similar number of embers or messages that are highly 
characterized by virality. 
Furthermore, both events included a message that we label ash 


emotional and moderate 


as they primarily focus on venting but do not contribute to 
virality. Given that these companies acted quickly, we only see a 
few sparks. 


Figure 4 Strength and length of firestorm (message quantity x by time) 
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Interestingly, with the McDonald’s event analysis, we see a quite 
different picture. We find that there was little media attention 
over time and no spike in social media activity. The social 
media messages created in the wake of this transgression were 
all classified as sparks. A small but persistent group of online 
activists kept the conversation and their Change.org petition 
alive on Twitter. Thus, the virality of these messages allows the 
conversation to sustain over time. McDonald’s only passively 
responded when it confirmed to an inquiry by a Washington Post 
reporter that the company had ended its endorsement of the 
540 Meals school meals program. Thus, while the high sharing 
of sparks content did not appear to create spikes in the number 
of tweets, it allowed for a different dynamic post transgression; 
the sustained engagement with the transgression continued 
until the company relented and responded. We discuss this 
finding and its implication for future research further. An event 
distribution for each cluster is illustrated in Figure 5. 


Discussion 


Theoretical implications 
Our findings contribute to the emerging body of research on 
firestorms, specifically on inflammatory UGC created in 
response to brand transgressions. While other studies have 
started to shed light on event characteristics (Hansen et al., 
2018), message sentiment (Herhausen et al., 2019) and impact 
on media coverage (Stabler and Fischer, 2020), we used a 
bottom-up approach to identify three different message types 
created in the wake of brand transgressions. 

From a theoretical perspective, understanding the fine 
nuances of consumer messages after brand transgressions shed 
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Figure 5 Event distribution by cluster 
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light on the motivation behind these messages. Supporting 
prior research, we find that consumers create content indicative 
of their intention to vent or attract attention through interesting 
and arousing content. More importantly, we contribute to the 
extant literature by detecting messages that constitute activist 
behavior. Digital consumer activism is an important 
phenomenon within online firestorms and beyond, as social 
media allows consumers to amplify their voice in an echo verse 
(Hewett et al., 2016). 

“Our research” also highlights distinct differences in how 
online UGC is shared in the context of brand transgressions as 
compared to traditional negative WOM contexts involving 
idiosyncratic service and product failures, with some interesting 
findings. For instance, research has found that expressive and 
assertive messages are more likely to encourage engagement 
than directive messages that call for action (Villarroel Ordenes 
et al., 2019), yet these studies did not exclusively focus on 
brand transgressions. We find evidence that in response to a 
brand transgression, “call for action” messages have a higher 
potential to go viral when the goal is to change company 
behavior. This holds after brand transgressions, even if the 
messages are less emotional. We find similarities to the nature 
of virality of the most effective brand messages on Twitter, for 
instance, where clear and direct messages helped achieve the 
brand’s goals (Villarroel Ordenes et al., 2019); yet we find that 
directive and rational messages by online activists about a 
brand transgression are more likely to be shared. Thus, an 
important distinction of digital consumer activism is that it 
differs from “explicit calls to action, [that] induce less 
consumer sharing than assertive (informational/factual) or 


Firestorm Event 
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expressive (emotional) messages” (Villarroel Ordenes et al., 
2019, p. 1001). 

Finally, our findings provide insight for consumer activism 
literature, which has had only a limited focus on the digital 
environment (Kozinets, 2019). Surprisingly, while research has 
focused on how consumers organize in the online context to 
reach mass audiences (McQuarrie et al., 2013) or form public 
(Arvidsson and Caliandro, 2016), little is known about how 
consumers engage in online activism, stemming from perceived 
ethical wrongdoing by a company. Conversations in this 
context that facilitate activism, such as brand wrongdoings or 
transgressions, have been unstructured; and our research 
provides a systematic framework through which researchers 
and managers alike can view digital consumer activism. Given 
that mobilizing masses is a common activist strategy, our 
findings highlight potential intentional and unintentional 
activism. Messages that are sparks form intentional activism 
since they call for change in company behavior. However, 
messages that are embers do not call for change but still have the 
potential to mobilize other consumers to join the conversation 
surrounding the brand transgression through their shareable 
content. Thus, consumers may unintentionally support an 
online activist movement and facilitate change in company 
behavior. 


Managerial implications 

Our research will benefit social media, and digital marketing 
managers tasked with brand strategy or digital content 
management since employees tasked with monitoring online 
mentions are more likely to be distracted by psychological 
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noise, such as tweets containing prejudices, biases, emotionally 
intense words or profanity (Carroll, 2013). This noise is 
expressed in informal language and, thus, more difficult to 
monitor. We offer a managerial flowchart to determine message 
type and response recommendations in Figure 6. The present 
framework brings clarity to the chaotic online conversations 
that consumers have about a brand, enabling managers to act 
and react quickly. Also, managers’ reliance on generic usage 
reports provided by social networking platforms may be 
overwhelmed with data to the point that decisions are difficult 
(Hu and Krishen, 2019) (Figure 6). 

Our findings are useful to managers in the development of 
marketing dashboards for detecting and managing a potential 
crisis and firestorm. Since studies have shown that virality of 
online content matters for a brand’s performance during 
negative events (Borah and Tellis, 2016), monitoring social 
media for messages based on positive and negative emotions, 
informal language usage, words per sentence, call to action and 


Figure 6 Identifying and prioritizing online messages with virality 
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originality of content can help detect events with firestorm 
potential early on. While it was not feasible to surveil all these 
message characteristics, a word frequency analysis of our three 
message types identified unique keywords to help managers 
monitor and identify clusters, is shown in Table 3. 

For simplicity, we encourage managers to prioritize tweets as 
sparks, embers or ash based on their likelihood for virality. Sparks 
or rational message content reflect the cluster’s directive action 
with frequently used words including petition, change, sign, 
please and thanks. Embers or emotionally-charged tweets 
contain a high percentage of human-interest words, including 
puppy, kids, women and love. Ash or venting content contains a 
high percentage of morally loaded language designed to 
reinforce moral attitude and elicit emotional reactions (Marlin, 
2013), including racism, Satanic, outrage, sparks, outcry and 
disgust. Most social media monitoring tools include such 
functions as keyword monitoring and sentiment analysis, 
allowing for prioritization based on likelihood of virality. 


Tweets contain a call to action 
e.g., “sign this petition,” “share info about upcoming 
protest,” or “retweet to demand an apology.” 


Tweet is unemotional, 
focusing on logic or sharing 
facts, data, stats or other info. 


SPARKS 


Quoted retweets and original 
content (not RTs); unemotional, call 
to action with high likelihood of 
virality. 


Educate and explain why brand 
actions adhere to social norms 
and/or benefit society. Identify 
influencers and monitor 
conversations. 


Priority Response 


Tweet contains morally loaded language to 


reinforce social norms and express moral attitudes 


e.g., “this is an outrage”, disgust, uproar, racist, 


sexist, immoral, Satanic, shame, and greed. 


Retweeted news headlines related to 
moral transgressions; 
unlikely to go viral. 


Tweet contains 
offensive words, 
including taboo, 

swearing and 
profanity. 


Activate brand supporters into 
retweeting positive news headlines Yes 
and responding to negative eWOM 
on a brand’s behalf. 1 


EMBERS 


Original content (not RTs); highly 
emotional messages with profanity 
(esp. “f” word); moderate virality. 


Use empathy to apologize, attempt 
to take the conversation offline, and 
offer detailed explanation. Identify 
influencers and monitor 
conversations. 
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Beyond identifying messages that may create a potential 
firestorm, managers can use our framework to consider the type 
of response to offer, if any, as well as the virality threat level of 
each cluster, as summarized in Figure 4. We searched the 
extant literature for information on response methods for 
communicating with stakeholders that best aligned with our 
message types. Because limited research exists on effective 
brand responses to moral transgressions and the violation of 
social norms, we encourage future research to examine and/or 
empirically test brand responses to the different message types 
identified. 

Brands should anticipate and prepare for charges of moral 
transgression by determining responses for various scenarios 
and by readying brand advocates to support the brand online. 
Tweets embodying rational activism call for boycotts, protests 
and petitions; our findings show that this type of content has a 
considerable risk of going viral, making brand responses 
critical. It may be worthwhile to examine the responses from 
two angles. First, what broad public response satisfies 
consumers the most and “extinguishes” the firestorm? The 
message would have to be such that it minimizes negative 
responses across all types. Second, which type of response is 
most effective for each type of message, assuming that venting 
messages require a response. 

Finally, when responding to highly negative eWOM or 
tweets containing highly arousing words (e.g. “hate”) as seen 
within the embers cluster, we found a moderate threat of virality. 
Herhausen et al. (2019) recommend that managers quickly 
apologize and then attempt to take the conversation offline, 
where the manager could then offer a detailed explanation. 
Leveraging psychological insights, Romani et al. (2015) posit 
that brands should use empathy to address the hateful 
sentiment expressed by some consumers because of the brand’s 
moral transgression. 


Limitations and future research 


While this research explores novel topics and advances 
marketing conceptually and practically, it has its limitations. 
First, our sample is limited to tweets from three events in three 
different industries. While we account for differences in the 
events in the regression model, it is possible that the findings 
will not be generalizable to other situations. Second, we 
carefully selected events triggered by markedly different brand 
transgressions (“puppy mill,” “offensive costume” and “fast 
food in schools”) to capture a wide range of consumer messages 
created and shared in response. Consumers process and 
respond differently to moral triggers based on their unique 
personal evaluation of the information. We find that two of the 
three identified message types are in line with prior research on 
consumer reactions to wrongdoing, thus giving us confidence 
that focusing on these events is appropriate. Third, neither 
emojis nor videos were included as part of our content analysis. 
Understanding what role these elements play in message 
consumption and virality will further contribute to research in 
this area. 

We further identify a third cluster, Sparks, which is akin to 
consumer activism. This cluster is prominent in an event with 
little media coverage (and thus little external pressure), and the 
company is not immediately responding. This cluster is the one 
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that is the most likely to be shared and go viral; however, 
additional analysis into the events shows a different quality 
associated with this type of virality. Rather than resulting in a 
spike of messages, it results in a sustained conversation that 
creates and maintains a persistent pressure on the brand over 
an extended period of time. In our study, consumers tweeted at 
McDonala’s for 214 days. This finding is novel to both firestorm 
and crisis management literature and, thus, warrants future 
inquiry into the dynamics of these types of messages and the 
consumers who are pressuring the company to take action. 

Exploring the role of distinct types of wrongdoings and 
transgressions more closely could also yield interesting insights. 
Is the type of activism different when companies engage in a 
behavior that harms consumers and the environment (i.e. 
produce and market unsafe products, pollute the environment) 
or when companies take stands on social and political issues 
(i.e. advocating for social movements and marginalized 
communities such as refugees or the Black Lives Matter 
movement)? Stronger emotions were identified in those 
consumer activists participating in boycotts to assist the 
“seemingly powerless” (Friedman, 2002, p. 225) or vulnerable 
groups such as puppies or young children. 

Further research can also focus on understanding why 
consumers engage in distinct types of online activism. Word-of- 
mouth research often lists self-enhancement or the need for 
self-affirmation as behavioral drivers (Alexandrov et al., 2013). 
However, in the activism context, social intentions such as 
sharing information to help others (Ho and Dempsey, 2010) 
could be more dominant. Qualitative research, such as in-depth 
interviews, can increase our understanding of the relationship 
between consumer attributes and attitudes and the type of 
activism they engage in. 

Finally, research can investigate the reputational and 
financial damages that brands incur due to digital consumer 
activism. A typical brand crisis costs a firm, on average, US 
$663,000 in legal fees, executive leadership’s time and other 
expenses (Forrester, 2021). Prior research has shown that 
social media firestorms can impact firm performance (Borah 
and Tellis, 2016; Hsu and Lawrence, 2016), but it is unclear 
which type of message presents more of a threat to the 
company. Given that digital consumer activists act with intent 
and are motivated to sustain their efforts for a longer time, 
future research can address the longevity and long-term impact 
of sparks. 


Conclusion 


Following moral wrongdoing brand transgression, 
companies may be the target of an online firestorm that 
engenders destruction for their brand assets. This firestorm 
manifests itself in a multitude of unstructured, messy 
conversations that are often amplified by sharing behaviors, 
causing a risk to brands. The message typology or classification 
advanced in this research categorizes these conversations into 
three types of messages: sparks, embers and ash. The content of 
these messages reveals the complexity behind consumer 
behavior after a brand transgression, ranging from mere venting 
to activism. 

Since just one spark can lead to virality and cause a firestorm, 
this research is an initial yet necessary step toward 


or 
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understanding the digital messages of consumers in the wake of 
brand transgressions in more depth. The findings show that 
after a perceived transgression, smoldering consumer 
conversations may continue until the brand acts. With this 
research, we provide the ability to further understand and 
identify appropriate responses to online messages to prevent 
sparks and embers from turning into firestorms. 


Note 


1 Rhetorical appeals of persuasion involve logos — appeal to 
logic, reason, rationality; pathos — appeal to emotions; and 
appeal to values, credibility, authority (Miles, 2014). 
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